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Glioblastoma is the most common primary malignant brain 
tumor in the adult population (1) and has a very poor prog-

nosis, with a median overall survival (OS) of 15–21 months and 
a 5-year OS of 10% (2). Multimodal MRI is used for evaluat-
ing tumor burden, surgical planning, and monitoring disease 
response to treatment over time both before and after surgery. 
However, delineating the extent of nonenhancing infiltrative 
tumor and distinguishing recurrent tumor from posttreatment 
changes remain challenging (3).

While a recent study has shown that supramarginal resection 
including as much infiltrative disease as feasible improves sur-
vival (4) beyond the standard treatment of gross total resection 
(GTR) of enhancing tumor, radiation therapy, and chemother-
apy (5), the widespread application of this surgical technique 
remains difficult without a clear delineation of the extent of the 
nonenhancing infiltrative tumor from peritumoral edema. Fur-
thermore, differentiating recurrent tumor from posttreatment 

changes induced by the combined therapies is crucial, as a delay 
in the diagnosis of tumor recurrence and progression may pre-
vent prompt treatment, and premature diagnosis of progressive 
or recurrent tumor may result in unnecessary interventions. In 
addition, noninvasive prediction of OS and progression-free 
survival (PFS) could provide valuable guidance for treatment 
planning, yet remains a challenge (6). Patient-specific features 
such as age, GTR status, and expression of MGMT have been 
shown to correlate with OS and PFS. However, with the excep-
tion of age, these features are not available at presentation to 
inform goals-of-care conversations and do not change upfront 
treatment (7,8).

Deep learning (DL) has emerged as a powerful technique to 
analyze MRI data. Previous research has focused on delineating 
infiltrative nonenhancing tumor (9–14) and predicting sur-
vival (12,15–19). Despite promising prediction performance, 
most recent advances focus on radiomics (20), which cannot be 

Purpose: To develop and validate a deep learning (DL) method to detect and segment enhancing and nonenhancing cellular tumor on pre- and posttreat-
ment MRI scans in patients with glioblastoma and to predict overall survival (OS) and progression-free survival (PFS).

Materials and Methods: This retrospective study included 1397 MRI scans in 1297 patients with glioblastoma, including an internal set of 243 MRI 
scans (January 2010 to June 2022) for model training and cross-validation and four external test cohorts. Cellular tumor maps were segmented by two 
radiologists on the basis of imaging, clinical history, and pathologic findings. Multimodal MRI data with perfusion and multishell diffusion imaging were 
inputted into a nnU-Net DL model to segment cellular tumor. Segmentation performance (Dice score) and performance in distinguishing recurrent tumor 
from posttreatment changes (area under the receiver operating characteristic curve [AUC]) were quantified. Model performance in predicting OS and PFS 
was assessed using Cox multivariable analysis.

Results: A cohort of 178 patients (mean age, 56 years ± 13 [SD]; 116 male, 62 female) with 243 MRI timepoints, as well as four external datasets with 55, 
70, 610, and 419 MRI timepoints, respectively, were evaluated. The median Dice score was 0.79 (IQR, 0.53–0.89), and the AUC for detecting residual or 
recurrent tumor was 0.84 (95% CI: 0.79, 0.89). In the internal test set, estimated cellular tumor volume was significantly associated with OS (hazard ratio 
[HR] = 1.04 per milliliter; P < .001) and PFS (HR = 1.04 per milliliter; P < .001) after adjustment for age, sex, and gross total resection (GTR) status. In 
the external test sets, estimated cellular tumor volume was significantly associated with OS (HR = 1.01 per milliliter; P < .001) after adjustment for age, 
sex, and GTR status.

Conclusion: A DL model incorporating advanced imaging could accurately segment enhancing and nonenhancing cellular tumor, distinguish recurrent or 
residual tumor from posttreatment changes, and predict OS and PFS in patients with glioblastoma.
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interpreted directly by clinicians and lack generalizability across 
different imaging platforms and institutions (21).

To address these challenges, the current study aimed to develop 
and evaluate a DL approach that detects and segments enhancing 
and nonenhancing cellular tumor on pre- and postoperative brain 
MRI scans in patients with glioblastoma. The method takes advan-
tage of the synergic combination of (a) nnU-Net (22), a well-es-
tablished DL convolutional neural network that has excelled in 
the segmentation of brain tumors in multimodal MRI volumes, 
and (b) restriction spectrum imaging (RSI) (23), a multishell dif-
fusion-weighted MRI sequence that can measure tumor cellularity. 
RSI has shown promise in separating nonenhancing infiltrative 
tumor from peritumoral edema (24) and differentiating posttreat-
ment changes from recurrent tumor in previous studies (25).

Materials and Methods

Study Design and Patients
This retrospective study was approved by the institutional re-
view board of University of California San Diego (UCSD), and 
the requirement for informed consent was waived. Data were 
de-identified and collected according to the Health Insurance 
Portability and Accountability Act standard. Salaries for two 
authors (G.M. and J.D.R.) were partly funded by a National 

Institutes of Health Small Business Innovation Research grant 
(no. R44NS120796) awarded to Cortechs.ai. Only one author 
(L.G.) had control of inclusion of any data and information 
that might present a conflict of interest.

A total of five different glioblastoma cohorts were used in this 
study. Figure 1 provides an overview of the study design. Patients 
diagnosed with glioblastoma (based on the 4th edition [2016] 
of the World Health Organization classification) from January 
2010 to June 2022 at UCSD were identified from chart review 
of the institutional medical record (M*Modal Scout; 3M). The 
inclusion criterion was posttreatment MRI with the multishell 
diffusion sequence RSI. The pathology database was searched to 
enrich the sample for cases with pathology-proven progression 
and treatment-related changes. A total of 244 unique patients 
(315 timepoints) were initially identified, but 54 timepoints 
were rejected due to missing MRI sequences and 18 due to in-
ability to distinguish treatment-related changes from residual 
or recurrent tumor with confidence. The final dataset consisted 
of 178 patients (243 timepoints). Overall, 192 timepoints had 
residual or recurrent tumor (45 pathology-proven), while the 
remaining 51 timepoints had only posttreatment changes (in-
cluding four with pathology-proven pseudoprogression, nine 
with clinically confirmed pseudoprogression, 10 with radiation 
necrosis, and 28 with nonspecific posttreatment changes). Clin-
ically confirmed pseudoprogression was defined as increase in 
size of an enhancing component in the 0–6 months following 
the combination of chemotherapy and radiation therapy, which 
subsequently decreased in size at the follow-up examinations 
without treatment. Radiation necrosis was defined as increase 
in size of a ring-enhancing lesion with necrotic core following 
radiation therapy either proven at pathology or identified by 
neuroradiologists. Nonspecific posttreatment changes included 
areas of treatment-related abnormal enhancement or T2 or flu-
id-attenuated inversion-recovery (FLAIR) hyperintensity that 
did not fit the criteria for pseudoprogression, radiation necrosis, 
or recurring disease. The number of timepoints with multifocal 
disease was 20. A subset of 94 patients with an MRI scan with 
RSI within 90 days following surgery and with OS and PFS 
data was included in the survival analysis.

Four external test datasets were included: two postoperative 
cohorts (Medical College of Wisconsin [MCW], final n = 55 
timepoints [20 patients]; Longitudinal Glioblastoma MRI with 
Expert Response Assessment in Neuro-oncology Criteria Evalu-
ation, or LUMIERE, dataset [26], final n = 70 timepoints [70 
patients]) and two preoperative cohorts (University of Penn-
sylvania Glioblastoma, or UPenn-GBM [27], dataset, final n = 
610 patients [610 timepoints]; and University of California San 
Francisco Preoperative Diffuse Glioma, or UCSF-PDGM [28], 
dataset, n = 419 patients [419 timepoints]). More details about 
the MRI sequences and inclusion criteria for these cohorts can be 
found in Appendix S1.

Data Acquisition and Image Preprocessing
At UCSD and MCW, each patient was imaged using a stan-
dard brain tumor protocol containing the following sequences: 
T1-weighted, T1-weighted contrast-enhanced, T2-weighted, 
FLAIR, standard diffusion-weighted images with vendor-calcu-
lated apparent diffusion coefficient (ADC), RSI multishell diffu-

Abbreviations
ADC = apparent diffusion coefficient, AUC = area under the receiv-
er operating characteristic curve, DL = deep learning, ECT = en-
hancing cellular tumor, FLAIR = fluid-attenuated inversion recovery, 
GTR = gross total resection, HR = hazard ratio, MCW = Medical 
College of Wisconsin, NECT = nonenhancing cellular tumor, OS = 
overall survival, PFS = progression-free survival, RSI = restriction 
spectrum imaging, TCT = total cellular tumor, UCSD = University 
of California San Diego

Summary
A deep learning model incorporating multishell diffusion MRI could 
accurately segment enhancing and nonenhancing cellular tumor, dis-
tinguish recurrent or residual tumor from posttreatment changes, and 
predict overall survival and progression-free survival from pre- and 
postoperative studies of glioblastoma.

Key Points
 ■ A deep learning nnU-Net model trained on 243 multimodal MRI 

scans including multishell diffusion imaging was able to segment 
enhancing and nonenhancing cellular tumor, with median Dice 
scores for total cellular tumor of 0.79 and 0.73 in internal and ex-
ternal test cohorts, respectively.

 ■ The area under the receiver operating characteristic curve for clas-
sifying residual or recurrent tumor versus posttreatment changes 
was 0.84 (95% CI: 0.79, 0.89) in the internal test cohort and 0.91 
(95% CI: 0.82, 0.99) in the external test cohort.

 ■ When accounting for age, sex, and gross total resection status, es-
timated cellular tumor volume was independently associated with 
overall survival (OS) (hazard ratio [HR] = 1.04 per milliliter [P < 
.001]) and progression-free survival (HR = 1.04 per milliliter [P < 
.001]) in the internal test set and with OS in the external postoper-
ative (n = 70; HR = 1.03 per milliliter [P = .03]) and preoperative 
test cohorts (n = 610 and 419; HR = 1.01 per milliliter [P = .02] 
and 1.02 per milliliter [P < .001], respectively).

Keywords
Segmentation, Glioblastoma, Multishell Diffusion MRI
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sion sequence, and dynamic susceptibility contrast perfusion im-
aging. The UCSD protocol also included susceptibility-weighted 
imaging. More details about the specific sequence parameters can 
be found in Appendix S2. Details about the sequences used in the 
other datasets are available in Appendix S1.

Image Annotations
For each patient at UCSD and MCW, total cellular tumor 
(TCT) volume was manually segmented in consensus by a neu-
roradiology attending physician (J.D.R.) and a neuroradiology 
fellow (L.G.). Another neuroradiology attending physician (N.F.) 
reviewed all the timepoints with posttreatment changes. Segmen-
tations were performed based on all available clinical, pathologic, 
and imaging history, including a thorough review of prior and 
subsequent MRI scans. Enhancing cellular tumor (ECT) volume 
was extracted by multiplying the reference standard segmentation 
with a conventional enhancing tumor mask generated by a DL 
software (OnQ Neuro; Cortechs.ai). The nonenhancing cellular 
tumor (NECT) mask was obtained by subtracting ECT from 
TCT. More details can be found in Appendix S3.

DL Model
We used a nnU-Net (22) with standard 3dfullres configuration. 
More details can be found in Appendix S4. The final model was 

trained on a subset (n = 183) of the postoperative data from 
UCSD (Fig 1).

External Testing
The final model trained from a subset (n = 183) of the post-
operative data from UCSD (Fig 1) was used for the segmenta-
tion of the four external test datasets. The segmentation per-
formance and accuracy of the model to distinguish recurrent 
or residual tumor from posttreatment changes were validated 
on the external dataset obtained from MCW. The ability of 
the model to predict OS from the cellular tumor volume was 
validated on the postoperative LUMIERE dataset as well as 
the preoperative UPenn-GBM and UCSF-PDGM datasets. 
More details about patient selection and sequences used can 
be found in Appendix S1.

Statistical Analysis

Performance metrics.—Data from UCSD were randomly allo-
cated into training (183 timepoints) and validation (60 time-
points) sets, with no patients included in both the training 
and validation set. The model was trained using the training 
set. The validation set was used to select the best model across 
a variety of different inputs where the optimal combination 

Figure 1: Overview of the experimental design of the study. For model optimization, the dataset was divided into a validation set (60 timepoints) and a training set (183 
timepoints). A fivefold analysis was then performed to quantify the performance of the model to detect residual or recurring tumor. A subset of 94 patients with clinical survival 
data and an MRI scan in the 90-day period following surgery were included in the survival analysis. An external dataset from Medical College of Wisconsin (55 timepoints) 
was used to test the segmentation performance and the residual or recurring tumor detection. Another external dataset (70 patients and timepoints) from the LUMIERE collab-
oration was used to test the overall survival (OS) prediction. Two external datasets from the University of Pennsylvania (UPENN) (610 patients and timepoints) and University 
of California San Francisco (UCSF) (419 patients and timepoints) were used to test OS prediction from preoperative MRI scans. AUC = area under the receiver operating 
characteristic curve, GBM = glioblastoma, PH = proportional hazards, RSI = restriction spectrum imaging.
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of inputs to the model was determined by the highest Dice 
score and volume similarity. The contribution of each indi-
vidual modality to the optimal model was assessed by training 
a model with each specific modality alone as an input. While 
multifocal diseases were segmented as multiple lesions, a glob-
al Dice score and volume similarity were computed on all 
lesions together. A fivefold cross-validation analysis was per-
formed with the best model and two other models to obtain 
predictions for each timepoint. The performance of the model 
to detect residual and recurrent tumor versus only treatment 
changes was assessed by computing the area under the receiver 
operating characteristic curve (AUC). Comparison between 
AUCs produced by the different models was assessed with a 
10 000 random permutation test to avoid making an assump-
tion about the distribution of the data (29). Cases with either 
progression or stability of residual disease were considered re-
sidual or recurrent. Cases with pseudoprogression, radiation 
necrosis, or nonspecific posttreatment changes were consid-
ered posttreatment changes. To build the receiver operating 
characteristic curve, the independent variable was the volume 
of TCT segmented by the model. The receiver operating char-
acteristic curve was constructed by considering different levels 
of segmented cellular tumor volume as threshold, above which 
the case was considered recurring or residual. Cases with seg-
mented cellular tumor volume below the threshold were con-
sidered posttreatment changes only (negative).

Survival analysis.—The estimated cellular tumor maps (TCT, 
ECT, and NECT) for each of the patients from the fivefold 
cross-validation model with the highest performance were 
used in this analysis. We tested the ability of TCT, ECT, and 
NECT volumes to stratify OS and PFS with use of Kaplan-
Meier analysis. Multiple Cox proportional hazards models were 
also analyzed using different combinations of regressors, includ-
ing age, sex, GTR status, MGMT status, and one of estimated 
TCT, ECT, or NECT volume. The threshold for statistically 
significant difference was P < .05. Python (Python Software 
Foundation) was used for statistical analysis. More details can 
be found in Appendix S5.

Results

Patient Characteristics
There were 1297 patients across all datasets used in this study 
(UCSD, n = 178; MCW, n = 20; LUMIERE, n = 70; UCSF-
PDGM, n = 419; UPenn-GBM, n = 610). The internal cohort 
consisted of 178 patients (243 timepoints), with mean age of 56 
years ± 13 (SD) (116 male, 62 female). Table 1 summarizes the 
patient characteristics of all datasets.

Segmentation Performance and Selection of the Optimal 
Model
Example output for models with different combinations of in-
puts are shown in Figure S1, and segmentation performance met-
rics computed for TCT, ECT, and NECT on the validation set 
are shown in Table 2. The combination of inputs resulting in the 
highest Dice score (median, 0.79 [IQR, 0.53–0.89]) and volume 
similarity (median, 0.93 [IQR, 0.60–0.96]) was T1-weighted, 
T1-weighted contrast-enhanced, FLAIR, T2-weighted, RSI 
cellularity, and dynamic susceptibility contrast perfusion imag-
ing–derived cerebral blood volume. Substituting RSI cellularity 
with an ADC map resulted in a lower Dice score (median, 0.72 
[IQR, 0.48–0.83]; P < .001) and volume similarity (median, 
0.88 [IQR, 0.68–0.97]; P = .002). The individual contributions 
in decreasing order were T1-weighted contrast-enhanced, RSI, 
T1-weighted, T2-weighted, FLAIR, and dynamic susceptibility 
contrast perfusion imaging–derived cerebral blood volume on 
the basis of individual Dice scores and volume similarity (Table 
2). Additional examples of TCT segmentation outputs for the 
optimal model are shown in Figure 2A for cases with residual 
or recurrent tumor and Figure 2B for cases with posttreatment 
changes. Individual examples of ECT and NECT segmentation 
outputs for the optimal model are shown in Figure 3.

Performance for Detecting Residual and Recurrent Tumor 
Versus Posttreatment Changes
The fivefold analysis included 192 scans with residual or re-
current tumor and 51 scans with posttreatment changes. The 

Table 1: Patient Demographic Characteristics and Tumor Statistics

Characteristic

UCSD Dataset

External
MCW  
Dataset

External
LUMIERE 
Dataset

External
UCSF-PDGM 
Dataset

External
UPenn-GBM 
DatasetTotal

Training
Subset

Validation
Subset

Survival 
Analysis 
Subset

No. of  
timepoints

243 183 60 94 55 70 419 610

No. of patients 178 130 48 94 20 70 419 610
Age (y)* 56 ± 13 55 ± 14 58 ± 12 58 ± 13 53 ± 14 63 ± 10 56 ± 15 63 ± 12
Sex
 M 116 (65) 81 (62) 35 (73) 67 (71) 9 (45) 36 (51) 264 (63) 366 (60)
 F 62 (35) 49 (38) 13 (27) 27 (29) 11 (55) 34 (49) 155 (37) 244 (40)
GTR 87 (49) 65 (50) 23 (48) 38 (40) NA 51 (73) 243 (58) 362 (59)

Note.—Unless otherwise specified, data are numbers of patients, with percentages in parentheses. GTR = gross total resection, MCW = 
Medical College of Wisconsin, NA = not available, UCSD = University of California San Diego.
* Data are means ± SDs.
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AUC was 0.84 (95% CI: 0.79, 0.89) for the model with both 
RSI and cerebral blood volume (Fig 4). The AUCs were lower 
(P = .04; n = 10 000 random permutation test) when RSI was 
substituted with ADC (AUC, 0.82 [95% CI: 0.77, 0.88]) or 
when only T1-weighted, T1 contrast-enhanced, T2-weighted, 
and FLAIR sequences were used as inputs (AUC, 0.79 [95% 

CI: 0.73, 0.85]). In particular, specificity was 25% (one of 
four patients) for pathology-proven pseudoprogression, 33% 
(three of nine patients) for clinically confirmed pseudopro-
gression, 50% (five of 10 patients) for radiation necrosis, and 
86% (24 of 28 patients) for nonspecific posttreatment changes 
using a threshold of 1 mL of estimated cellular tumor. When 

Table 2: Segmentation Performance Metrics

Model Input

Dice Score Volume Similarity

Mean ± SD Median and IQR Mean ± SD Median and IQR

Total cellular tumor
 Optimal inputs
  T1, T1ce, T2, FLAIR, RSI, CBV 0.67 ± 0.26 0.79 (0.53–0.89) 0.77 ± 0.29 0.93 (0.60–0.96)
 Other combinations of inputs
  T1, T1ce, T2, FLAIR, RSI 0.64 ± 0.30* 0.76 (0.43–0.87) 0.72 ± 0.33* 0.87 (0.54–0.96)
  T1, T1ce, T2, FLAIR, CBV 0.57 ± 0.32* 0.68 (0.39–0.82) 0.70 ± 0.35* 0.87 (0.62–0.95)
  T1, T1ce, T2, FLAIR, ADC, CBV 0.64 ± 0.25* 0.72 (0.48–0.83) 0.77 ± 0.27 0.88 (0.68–0.97)
  T1, T1ce, T2, FLAIR, DWI, CBV 0.62 ± 0.29* 0.69 (0.44–0.84) 0.75 ± 0.31 0.91 (0.67–0.97)
  T1, T1ce, T2, FLAIR 0.57 ± 0.31* 0.65 (0.35–0.82) 0.70 ± 0.32* 0.83 (0.49–0.95)
  T1, T1ce, T2, FLAIR, RSI, CBV, SWI 0.66 ± 0.26 0.76 (0.50–0.86) 0.76 ± 0.28 0.90 (0.62–0.97)
  T1ce 0.57 ± 0.28* 0.65 (0.39–0.81) 0.70 ± 0.31* 0.87 (0.55–0.91)
  RSI 0.49 ± 0.24* 0.57 (0.37–0.71) 0.71 ± 0.30* 0.78 (0.56–0.96)
  T1 0.42 ± 0.22* 0.46 (0.27–0.57) 0.62 ± 0.28* 0.72 (0.43–0.84)
  T2 0.42 ± 0.22* 0.52 (0.27–0.56) 0.64 ± 0.28* 0.70 (0.47–0.87)
  FLAIR 0.34 ± 0.24* 0.27 (0.14–0.56) 0.54 ± 0.33* 0.49 (0.27–0.89)
  CBV 0.25 ± 0.22* 0.24 (0.00–0.37) 0.42 ± 0.35* 0.44 (0.02–0.72)
 External MCW dataset
  T1, T1ce, T2, FLAIR, RSI, CBV 0.51 ± 0.35 0.73 (0.14–0.81) 0.59 ± 0.41 0.81 (0.16–0.95)
Enhancing cellular tumor
 Optimal inputs
  T1, T1ce, T2, FLAIR, RSI, CBV 0.72 ± 0.32 0.89 (0.54–0.94) 0.77 ± 0.31 0.93 (0.70–0.98)
 Other combinations of inputs
  T1, T1ce, T2, FLAIR, RSI 0.68 ± 0.35* 0.89 (0.55–0.95) 0.72 ± 0.35* 0.94 (0.56–0.97)
  T1, T1ce, T2, FLAIR, CBV 0.68 ± 0.36* 0.86 (0.52–0.94) 0.74 ± 0.36* 0.91 (0.75–0.98)
  T1, T1ce, T2, FLAIR, ADC, CBV 0.73 ± 0.29 0.89 (0.57–0.93) 0.79 ± 0.28 0.92 (0.71–0.97)
  T1, T1ce, T2, FLAIR, DWI, CBV 0.70 ± 0.33 0.88 (0.47–0.94) 0.76 ± 0.32 0.93 (0.68–0.98)
  T1, T1ce, T2, FLAIR 0.68 ± 0.33* 0.83 (0.51–0.93) 0.74 ± 0.33* 0.90 (0.68–0.98)
 External MCW dataset
  T1, T1ce, T2, FLAIR, RSI, CBV 0.62 ± 0.39 0.82 (0.27–0.89) 0.65 ± 0.41 0.87 (0.28–0.98)
Nonenhancing cellular tumor
 Optimal inputs
  T1, T1ce, T2, FLAIR, RSI, CBV 0.44 ± 0.26 0.49 (0.28–0.68) 0.62 ± 0.33 0.71 (0.39–0.92)
 Other combinations of inputs
  T1, T1ce, T2, FLAIR, RSI 0.42 ± 0.28* 0.43 (0.15–0.70) 0.59 ± 0.35* 0.71 (0.31–0.88)
  T1, T1ce, T2, FLAIR, CBV 0.23 ± 0.20* 0.19 (0.06–0.37) 0.48 ± 0.34* 0.54 (0.08–0.75)
  T1, T1ce, T2, FLAIR, ADC, CBV 0.33 ± 0.23* 0.28 (0.12–0.55) 0.55 ± 0.31* 0.61 (0.27–0.83)
  T1, T1ce, T2, FLAIR, DWI, CBV 0.33 ± 0.24* 0.29 (0.13–0.56) 0.57 ± 0.35* 0.67 (0.26–0.86)
  T1, T1ce, FLAIR, T2 0.24 ± 0.19* 0.19 (0.05–0.38) 0.51 ± 0.32* 0.56 (0.21–0.77)
 External MCW dataset
  T1, T1ce, T2, FLAIR, RSI, CBV 0.48 ± 0.32 0.63 (0.14–0.76) 0.57 ± 0.39 0.80 (0.16–0.86)

Note.—Dice scores and volume similarities are shown as means ± SDs and medians with IQRs computed on the validation subset (n = 60), 
except for the external Medical College of Wisconsin (MCW) dataset, for which the entire dataset was used as test set (n = 55). Cerebral 
blood volume (CBV) was derived from dynamic susceptibility contrast perfusion imaging. ADC = apparent diffusion coefficient, DWI = 
diffusion-weighted imaging, FLAIR = fluid-attenuated inversion recovery, RSI = restriction spectrum imaging, SWI = susceptibility-weighted 
imaging, T1ce = T1-weighted contrast-enhanced.
* Statistically significant difference at the α = .05 level (paired t test against the optimal inputs).
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RSI was substituted for ADC, specificity was 25% (one of four 
patients) for pathology-proven pseudoprogression, 33% (three 
of nine patients) for clinically proven pseudoprogression, 70% 
(seven of 10 patients) for radiation necrosis, and 75% (21 of 
28 patients) for nonspecific posttreatment changes, assuming 
a threshold of 1 mL of tumor volume. When no diffusion 
was used (T1-weighted, T1-weighted contrast-enhanced, T2-

weighted, FLAIR), specificity was 25% (one of four), 33% 
(three of nine), 30% (three of 10), and 75% (21 of 28).

Predicting Patient Survival
A subset of 94 patients (mean age, 58 years ± 13; 67 male, 27 
female) with clinical survival data had an MRI examination 
with RSI in the 90 days following surgery. OS and PFS were 

Figure 2: Example cellular tumor segmentation outputs from the optimal combination of MRI inputs. (A) Cases with recurrent tumor. (B) Cases with posttreatment 
changes only (ie, no cellular tumor). Top left and bottom left: clinically proven pseudoprogression (PsP); top right: pathology-proven radiation necrosis; bottom-right: pathol-
ogy-proven pseudoprogression. All images are in the axial view. CBV = cerebral blood volume, Flair = fluid-attenuated inversion recovery, ref. = reference, RSI = restriction 
spectrum imaging, T1ce = T1-weighted contrast-enhanced.
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stratified based on the GTR status as defined by the clinician 
and the estimated TCT, ECT, and NECT volumes with use 
of the respective median estimated tumor volume as a thresh-
old. Kaplan-Meier plots in Figure 5 show that postoperative 
TCT was a statistically significant predictor of OS (hazard ratio 
[HR] = 1.65 [95% CI: 1.06, 2.65]; log-rank P = .02) and PFS 
(HR = 2.04 [95% CI: 1.30, 3.19; log-rank P = .002). HRs be-
tween the 25th and 75th percentile of tumor volume were 3.51 
(95% CI: 1.80, 6.89) for OS and 4.43 (95% CI: 2.22, 9.25) 
for PFS. Similar Kaplan-Meier plots are shown for ECT and 
NECT independently. 

A Cox proportional hazards model using age, sex, GTR status, 
TCT volume, ECT volume, and NECT volume as independent 
variables was analyzed for both OS and PFS, summarized in Ta-
ble 3. The estimated TCT, ECT, and NECT volumes were sig-
nificantly associated with both OS (TCT HR = 1.04 per milliliter 
[P < .001]; ECT HR = 1.04 per milliliter [P = .002]; NECT 
HR = 1.07 per milliliter [P = .004]) and PFS (TCT HR = 1.04 
per milliliter [P < .001]; ECT HR = 1.05 per milliliter [P < .001]; 
NECT HR = 1.05 per milliliter [P = .02]) after adjustment for 
age, sex, and GTR status. The estimated TCT volumes were also 
significantly associated with OS and PFS after adjustment for 
age, sex, GTR status, and MGMT methylation status (OS HR = 
1.03 per milliliter [P = .02]; PFS HR = 1.03 per milliliter [P = 
.03]). The HRs for continuous variables (such as TCT, ECT, and 
NECT volumes) indicate the risk per additional milliliter of tu-
mor volume. For example, in our dataset (UCSD), the first inter-
quartile volume for TCT was 3.2 mL, and the third interquartile 
volume was 24.0 mL. This corresponds to a 20.8-mL difference 

in TCT, and therefore a 4% per milliliter (multiplied by 20.8 mL 
= 83.2%) increased risk of death in a given interval between the 
first and third quartile volume of TCT. As a comparison, in our 
dataset, MGMT methylation reduced the risk of death by 76% 
(HR = 0.24) in a given interval.

In our dataset, the conventional residual enhancing tumor 
volume was significantly associated with both OS (HR = 1.02 
per milliliter [P = .004]) and PFS (HR = 1.02 per milliliter [P = 
.006]) after adjustment for age, sex, and GTR status, while the 
surrounding FLAIR hyperintensity volume was not, either in 
combination with enhancing tumor (OS HR = 1.00 per mil-
liliter [P = .20]; PFS HR = 1.00 per milliliter [P = .29]) or 
alone (OS HR = 1.01 per milliliter [P = .06]; PFS HR = 1.01 
per milliliter [P = .08]), as shown in Table 3. However, when 
the estimated TCT volume (cellular) was combined with con-
ventional residual enhancing tumor (regardless of cellularity) 
together with age, sex, and GTR status in a Cox proportional 
hazards model, TCT volume was significantly associated with 
both OS (HR = 1.04 per milliliter [P = .03]) and PFS (HR = 
1.04 per milliliter [P = .006]) after adjustment for age, sex, and 
GTR status, while conventional residual enhancing tumor vol-
ume was not (OS HR = 1.00 per milliliter [P = .95]; PFS HR = 
1.00 per milliliter [P = .79]).

A Cox proportional hazards model including age, sex, GTR 
status, and both ECT and NECT volumes as regressors was an-
alyzed, as well as another proportional hazards model, by substi-
tuting the estimated cellular tumor volumes with the reference 
standard cellular tumor volumes manually segmented by the 
neuroradiologists. As shown in Table 3, the reference standard 

Figure 3: Example enhancing cellular tumor (red) and nonenhancing cellular tumor (green) segmentation outputs from the optimal combination of MRI inputs. All images 
are in the axial view. CBV = cerebral blood volume, Flair = fluid-attenuated inversion recovery, ref. = reference, RSI = restriction spectrum imaging, T1ce = T1-weighted 
contrast-enhanced.
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NECT volumes manually segmented by the neuroradiologists 
were significantly associated with OS after adjustment for the 
ECT volumes, age, sex, and GTR status (OS HR = 1.05 per mil-
liliter [P = .004]), while the estimated NECT volumes (from the 
DL model) were not (OS HR = 1.05 per milliliter [P = .07]).

Postoperative External Testing
The median Dice score computed on the external dataset from 
MCW (n = 55; 23 scans with residual or recurrent tumor) was 
0.73 (IQR, 0.14–0.81), and the median volume similarity was 
0.81 (IQR, 0.16–0.86) (Table 2). The AUC was 0.91 (95% CI: 
0.82, 0.99). On the external LUMIERE dataset, both estimated 
TCT volume and ECT volume were independent OS predic-
tors (HR = 1.03 per milliliter [P = .03]; HR = 1.04 per milliliter 
[P = .046]) (Table 4). NECT volume was not an independent 
predictor (HR = 1.09 per milliliter [P = .06]). PFS clinical data 
were not available for the external datasets.

Preoperative Survival Prediction External Testing
The HRs and P values from the Cox proportional hazards 
model analyzed on two cohorts (UPenn-GBM [610 patients] 
and UCSF-PDGM [419 patients] datasets) with preoperative 
MRI scans are shown in Table 4. Each of the estimated TCT, 
ECT, and NECT volumes were significantly associated with OS 
after adjustment for age, sex, and GTR status in the combined 
dataset (HR = 1.01 per milliliter [P < .001]; ECT HR = 1.01 
per milliliter [P < .001]; NECT HR = 1.01 per milliliter [P < 

.001]). Results are also shown in each cohort individually. A 
Cox proportional hazards model was also analyzed using age, 
sex, GTR status, and both ECT and NECT volumes as regres-
sors. In this case, ECT and NECT were both significantly asso-
ciated with OS (HR = 1.01 per milliliter [P < .001]; HR = 1.01 
per milliliter [P < .001], respectively).

When the conventional enhancing tumor volume and the 
surrounding T2 and/or FLAIR hyperintensity were added as 
additional regressors together with age, sex, and GTR status in 
a Cox proportional hazards model, ECT and NECT were still 
significantly associated with OS (HR = 1.01 per milliliter [P = 
.02]; HR = 1.01 per milliliter [P < .001]), while surrounding 
FLAIR hyperintensity was not (HR = 1.00 per milliliter [P = 
.10]). Kaplan-Meier plots obtained from the combined datasets 
are found in Figure 6 and show that the estimated NECT volume 
can stratify OS (HR = 1.73 [95% CI: 1.42, 2.12]; HR between 
the 25th and 75th percentile = 2.31 [95% CI: 1.71, 3.10]; log-
rank P < .001) in patients who subsequently undergo GTR (ie, 
when the entire enhancing component of the tumor was subse-
quently removed surgically).

Discussion
Identifying nonenhancing, infiltrative tumor and differenti-
ating recurrent enhancing tumor from posttreatment changes 
in patients with glioblastoma is crucial for clinical manage-
ment but remains challenging even for experienced clinicians. 
Herein, we developed a DL method to segment enhancing and 
nonenhancing cellular tumor, which can assist in detecting in-
filtrative tumor, distinguishing recurrent or residual tumor from 
posttreatment changes, and predicting OS and PFS. Estimated 
cellular tumor volume was able to help distinguish residual or 
recurrent tumor from posttreatment changes in both internal 
(AUC, 0.84 [95% CI: 0.79, 0.89]) and external test cohorts 
(AUC, 0.91 [95% CI: 0.82, 0.99]). Estimated cellular tumor 
volumes were significantly associated with OS in pre- (HR = 
1.01 per milliliter; P < .001) and postoperative cohorts (HR = 
1.04 per milliliter; P < .001) and PFS in the postoperative co-
hort (HR = 1.04 per milliliter; P < .001) after adjustment for 
age, sex, and GTR status in each case and further stratified sur-
vival in preoperative patients with subsequent GTR (HR = 1.54 
[95% CI: 1.26, 1.88]; HR between the 25th and 75th percen-
tile = 2.25 [95% CI: 1.66, 3.06]).

Dice scores obtained in this study are lower than those tra-
ditionally obtained in pre- and posttreatment Brain Tumor Seg-
mentation (ie, BraTS) challenges (30,31). This is explained by 
the fact that segmenting the cellular component of the tumor on 
postoperative studies is a more challenging task than traditional 
pretreatment tumor segmentation or posttreatment segmenta-
tion, which combines tumor with posttreatment changes. Not all 
areas of abnormal enhancement represent cellular tumor on post-
operative scans, as abnormal enhancement can also reflect sub-
acute inflammation, cytotoxic edema, granulation tissue, or pseu-
doprogression. NECT segmentation is an even more challenging 
task since infiltrative cellular tumor can have a subtle appearance 
that is difficult to distinguish from areas of abnormal FLAIR sig-
nal intensity. Finally, the lower mean Dice scores obtained in the 
external MCW test dataset were mainly due to undersegmenta-
tion. While substituting RSI for an ADC map or conventional 

Figure 4: Receiver operating characteristic curves computed from the University 
of California San Diego dataset (n = 243) show the performance of the optimal 
combination of MRI inputs (T1-weighted, T1-weighted contrast-enhanced [T1-ce], 
T2-weighted, fluid-attenuated inversion recovery [FLAIR], cerebral blood volume 
[CBV], and restriction spectrum imaging [RSI]) to discriminate residual or recurrent 
tumor from posttreatment changes. The curve for when RSI is substituted for appar-
ent diffusion coefficient (ADC) is also shown for comparison, as well as the curve 
when only T1-weighted, T1-weighted contrast-enhanced, and FLAIR were used as 
inputs to the model. Areas under the receiver operating characteristic curves (AUCs) 
are indicated with 95% CIs in parentheses. * Statistically significant difference at the 
α = .05 level (n = 10 000 random permutation test). 1 Using 1 mL of tumor volume 
as the threshold.
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diffusion-weighted imaging resulted in minor differences in me-
dian Dice scores for ECT (0.89 for RSI, 0.89 for ADC, and 0.88 
for diffusion-weighted imaging), larger differences were observed 
for NECT. For example, the median Dice score for NECT went 
from 0.49 with RSI to 0.29 with diffusion-weighted imaging and 
0.19 when no diffusion sequence was included. This is likely due 
to the fact that NECT relies more on the RSI cellularity map 
compared with ECT, as other sequences are not as suited to sep-
arating infiltrative tumor from edema and gliosis. These results 
emphasize the utility of a multishell diffusion sequence to specif-
ically improve the segmentation of NECT.

Compared with previous studies attempting to delineate infil-
trative nonenhancing tumor (9–11,13,14) and to distinguish re-
current disease from posttreatment changes (DL studies [18,19] 
and traditional radiologist assessment [32–34]), our study used 
more MRI sequences (including RSI), had larger sample sizes, 
and included four external test datasets (two pre- and two post-
operative). Interestingly, our model retained its ability to distin-
guish recurrent or residual tumor from posttreatment changes 
when RSI (AUC, 0.84) was substituted by an ADC map (AUC, 
0.82) or when only conventional MRI sequences were used 
(AUC, 0.79), making the model usable at a larger scale across 
different imaging protocols. Importantly, although these last 
two models did not use RSI in predicting cellular tumor maps, 

they were trained using the reference standard segmentations 
performed by the radiologists on the basis of all available clini-
cal, pathologic, and imaging data, including the RSI cellularity 
maps. The individual specificity for pseudoprogression, radiation 
necrosis, and nonspecific posttreatment changes align with the 
challenge of correctly identifying these entities on routine MRI 
follow-up studies; nonspecific posttreatment changes and radia-
tion necrosis are easier to identify compared with pseudoprogres-
sion. The lower specificity for the four pathology-proven cases of 
pseudoprogression is not a surprise, as their unusual appearance 
prompted biopsy or resection.

Most recent imaging methods to predict survival have fo-
cused on radiomics (12,15,16,35), which cannot be inter-
preted directly by clinicians and is difficult to generalize across 
different imaging platforms and institutions. Conversely, our 
automated cellular tumor segmentation maps are easier for cli-
nicians to interpret since they overlay with conventional MRI 
scans, with a simple prediction of cellular tumor at each voxel. 
Our segmentation model was validated in an external dataset 
with RSI, and our survival analysis was validated in the exter-
nal LUMIERE dataset using a standard acquisition protocol 
without RSI, demonstrating the model’s potential to be applied 
on a larger scale across institutions. Our Kaplan-Meier analy-
sis showed that higher volumes of cellular tumor are associated 

Figure 5: Kaplan-Meier survival analysis on the University of California San Diego dataset shows the ability to stratify (A) overall survival and (B) progression-free sur-
vival from the total cellular tumor volume estimated by the model on postoperative MRI scans. Log-rank P values and Cox hazard ratios (HRs) are also shown in the figure. 
HR25–75 represents the HR between the 25th and 75th percentiles.
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with worse outcomes, which is consistent with previous studies 
(12,15,16,35) that used DL to stratify OS and PFS. While the 
Kaplan-Meier analyses do not incorporate standard clinical in-
formation into the survival analysis, the Cox proportional haz-
ards models analyzed demonstrated that the volume of estimated 
TCT is significantly associated with OS and PFS when adjusted 
for conventional clinical data such as age, sex, and GTR status, 
but also when adjusted for the conventional volume of residual 
enhancing tumor (36) and more biomarkers such as MGMT 
methylation status. Importantly, the volume of surrounding T2 
or FLAIR hyperintensity was not significantly associated with 
OS and PFS, underscoring the need for cellular tumor maps 
to predict survival accurately. On the preoperative external test 
cohorts, estimated NECT volume allowed stratification of sur-
vival within patients who had undergone GTR. This result cor-
relates well with the fact that supramarginal resection improves 
survival. In the future, such NECT segmentations may provide 

guidance for supramarginal resection, facilitating surgical plan-
ning by providing improved delineation of infiltrative tumor.

Our study showed that incorporating cellularity informa-
tion from multishell diffusion MRI improves the segmentation 
of NECT and allows one to train models that are able to sep-
arate residual and recurrent tumor from posttreatment changes 
and edema better than conventional imaging protocols. While 
the specific RSI sequence used in this study is not widely avail-
able, multishell diffusion acquisitions are commonly found across 
scanner manufacturers and types, which allow for cellularity in-
formation to be extracted using a linear model (23,37,38). We 
believe that our study will motivate the need to include high-b-
value or multishell diffusion sequences in standard neuro-onco-
logic MRI protocols across institutions.

Several limitations merit consideration in our study. First, the 
current implementation with nnU-Net does not incorporate clin-
ical information (age, sex, MGMT methylation status, treatment 

Table 3: Cox Proportional Hazards Models for Overall Survival and Progression-Free Survival Analysis in the  
Internal Dataset

Variable

Overall Survival Progression-Free Survival

Hazard Ratio P Value Hazard Ratio P Value

Standard regressor*
 Age 1.02 (1.01, 1.04) .01† 1.02 (0.99, 1.04) .06
 Sex 0.88 (0.54, 1.44) .61 0.66 (0.40, 1.08) .10
 GTR status 0.89 (0.55, 1.46) .65 0.77 (0.47, 1.27) .30
 TCT 1.04 (1.02, 1.06) <.001† 1.04 (1.02, 1.06) <.001†

 ECT 1.04 (1.02, 1.07) .002† 1.05 (1.03, 1.08) <.001†

 NECT 1.07 (1.02, 1.11) .004† 1.05 (1.01, 1.10) .02†

ECT and NECT combined‡

 ECT 1.03 (1.00, 1.06) .02† 1.05 (1.02, 1.07) <.001†

 NECT 1.05 (1.00, 1.10) .07 1.02 (0.98, 1.08) .33
Reference standard segmentations together‡§

 ECT 1.04 (1.01, 1.06) .002† 1.05 (1.02, 1.07) <.001†

 NECT 1.05 (1.02, 1.09) .004† 1.03 (0.99, 1.06) .08
ET and TCT||

 TCT 1.04 (1.00, 1.07) .03† 1.04 (1.01, 1.07) .006†

 ET 1.00 (0.98, 1.03) .95 1.00 (0.98, 1.03) .79
 ET (alone) 1.02 (1.00, 1.04) .004† 1.02 (1.01, 1.04) .006†

ET and ED combined||

 ET 1.02 (1.00, 1.03) .01† 1.02 (1.00, 1.04) .02†

 ED 1.00 (0.99, 1.01) .20 1.00 (0.99, 1.01) .29
 ED (alone) 1.01 (0.99, 1.01) .06 1.01 (0.99, 1.01) .08
MGMT#

 MGMT 0.24 (0.12, 0.50) <.001† 0.24 (0.12, 0.52) <.001†

 TCT 1.03 (1.00, 1.05) .02† 1.03 (1.00, 1.05) .03†

 ECT 1.04 (1.01, 1.07) .01† 1.03 (1.00, 1.06) .02†

 NECT 1.04 (0.97, 1.12) .30 1.04 (0.97, 1.13) .27

Note.—Data in parentheses are 95% CIs. ECT = enhancing cellular tumor, ED = surrounding fluid-attenuated inversion recovery hyperin-
tensity, ET = enhancing tumor, GTR = gross total resection, NECT = nonenhancing cellular tumor, TCT = total cellular tumor.
* Regressors included age, sex, GTR status, and one of TCT, ECT, or NECT.
† Statistically significant difference at the α = .05 level. Hazard ratio indicates risk per additional milliliter of tumor volume.
‡ Regressors included age, sex, GTR status, ECT, and NECT.
§ Reference standard refers to the volume manually segmented by the neuroradiologists.
|| Regressors also included age, sex, and GTR status.
# Regressors included age, sex, GTR status, MGMT methylation status, and one of TCT, ECT, or NECT.
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Table 4: Cox Proportional Hazards Models for Overall Survival in External Datasets

Dataset and Variable

Overall Survival

Hazard Ratio P Value

External LUMIERE dataset (postoperative)*
 TCT 1.03 (1.00, 1.06) .03†

 ECT 1.04 (1.00, 1.08) .046†

 NECT 1.09 (0.99, 1.19) .06
External UCSF and UPenn datasets (preoperative)*
 TCT 1.01 (1.01, 1.02) <.001†

 ECT 1.01 (1.01, 1.02) <.001†

 NECT 1.02 (1.01, 1.02) <.001†

ECT and NECT combined‡

 ECT 1.01 (1.00, 1.02) <.001†

 NECT 1.01 (1.01, 1.02) <.001†

ECT, NECT, ET, and ED combined§

 ECT 1.01 (1.00, 1.01) .02†

 NECT 1.01 (1.01, 1.02) <.001†

 ET 1.01 (1.00, 1.01) .01†

 ED 1.00 (1.00, 1.00) .10
ET and ED combined§

 ET 1.01 (1.01, 1.02) <.001†

 ED 1.00 (1.00, 1.00) .08
 ED (alone) 1.00 (1.00, 1.00) .90
External UCSF dataset (preoperative)*
 TCT 1.02 (1.01, 1.02) <.001†

 ECT 1.02 (1.01, 1.03) <.001†

 NECT 1.01 (1.00, 1.03) .03†

External UPenn dataset (preoperative)*
 TCT 1.01 (1.00, 1.01) .02†

 ECT 1.01 (0.99, 1.01) .10
 NECT 1.01 (0.99, 1.01) .11

Note.—Data in parentheses are 95% CIs. ECT = enhancing cellular tumor, ED = surrounding 
fluid-attenuated inversion recovery hyperintensity, ET = enhancing tumor, GTR = gross total resec-
tion, NECT = nonenhancing cellular tumor, TCT = total cellular tumor.
* Regressors included age, sex, GTR status, and one of TCT, ECT, or NECT. 
† Statistically significant difference at the α = .05 level. Hazard ratio indicates risk per additional 
milliliter of tumor volume.
‡ Regressors included age, sex, GTR status, ECT, and NECT.
§ Regressors also included age, sex, and GTR status.

history, etc) to guide the DL model. A second limitation is the 
small size of our external postoperative test dataset. This stems from 
the limited publicly available postoperative datasets with survival 
information. A third limitation is the lack of histologic validation 
of our cellular tumor maps, which will be addressed in future work.

In conclusion, we have developed a DL method for automated 
segmentation of enhancing and nonenhancing cellular tumor in 
patients with glioblastoma. We have shown that the segmented 
cellular tumor maps can distinguish residual or recurrent tumor 
from posttreatment changes and that the segmented cellular tu-
mor volume is associated with OS and PFS from a postoperative 
MRI scan and OS from a preoperative MRI scan, with validation 
on four external datasets. The interpretability of the segmented 
cellular tumor maps makes our method directly applicable in 
clinical workflows, highlighting its potential to guide clinical de-
cision-making and therefore benefit both patients and health care 

providers. Future work will focus on histopathologic validation 
to further improve the interpretability of cellular maps—which 
may open the door for their use in surgical planning—as well 
as radiomics-based differentiation of recurring disease from post-
treatment changes.
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Figure 6: Kaplan-Meier survival analysis on the combined UPenn-GBM and UCSF-PDGM datasets illustrating the ability to stratify overall survival from the total, enhanc-
ing, and nonenhancing cellular tumor volumes estimated by the model on preoperative MRI scans. (A) All patients. (B) Patients who were positive for gross total resection 
(GTR+). Log-rank P values and Cox hazard ratios (HRs) are also shown on the figure. HR25–75 represents the HR between the 25th and 75th percentiles.
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